The load characteristic of typical household electrical equipment is elaborately analyzed. Considering the electric vehicles' (EVs') charging behavior and air conditioning's thermodynamic property, an electricity price-based demand response (DR) model and an incentive-based DR model for two kinds of typical high-power electrical equipment are proposed to obtain the load curve considering two different kinds of DR mechanisms. Afterwards, a load shedding strategy is introduced to improve the traditional reliability evaluation method for distribution networks, with the capacity constraints of tie lines taken into account. Subsequently, a reliability calculation method of distribution networks considering the shortage of power supply capacity and outages is presented. Finally, the Monte Carlo method is employed to calculate the reliability index of distribution networks with different load levels, and the impacts of different DR strategies on the reliability of distribution networks are analyzed. The results show that both DR strategies can improve the distribution system reliability.
Introduction
China's electricity generation and demands have been growing rapidly in recent years, but the annual utilization hours of power generation equipment are decreasing year-by-year, and the peak-valley difference of power system loads is gradually expanding. Statistically, China's total electricity consumption in 2018 was 6840 billion kW h, up 8 .5% year-on-year, which is the highest growth rate since 2012. The maximum cooling loads in summer have reached 260 million kW, with a year-on-year growth of 10.5%, accounting for 27.8% of the maximum loads. However, the average utilization hours of power generation equipment in power plants of 6000 kW or above in China in 2019 were only 3862 h. In general, increasing generation capacity to meet peak load electricity demands will lead to an increase in investment cost and a decrease in equipment utilization hours, which cannot meet the requirements of economic operation of power grid and optimal allocation of resources.
As a prospective solution to the above issues, demand response (DR) has been widely proposed in many researches [1, 2] , where DR is regarded as an important measure to facilitate the penetration of renewable energy [3] , realize friendly source-load interaction, balance the fluctuations of load profile, and consequently improve the system reliability and operation economy [4, 5] . With the rapid development and application practice of ubiquitous power Internet of Things (IOT) technology,
•
The load characteristic of two typical items of household electrical equipment is elaborately analyzed. • An electricity price-based DR model and an incentive-based DR model are proposed for two typical items of high-power electrical equipment, considering charging behavior and thermodynamic property. •
A load shedding strategy is introduced to improve the traditional reliability evaluation method for distribution networks, while taking into account the capacity constraints. •
A reliability calculation method of distribution networks with shortage of power supply capacity and faults taken into consideration is presented.
The remainder of this paper is given as follows. Section 2 present an electricity price-based DR model and an incentive-based DR model for two kinds of typical high-power electrical equipment. A load shedding strategy is proposed in Section 3, and the reliability index is detailed in Section 4. Section 5 proposes an improved reliability evaluation method of distribution networks, with shortage of power supply capacity and faults taken into account. The numerical results of the developed model are discussed in Section 6. The final section of the paper outlines conclusions based on this study.
DR Modeling
DR can be categorized into two types: Electricity price-based DR and incentive-based DR. The former guides users' electricity behavior by varying electricity price, while the latter adjusts electricity loads by contracts and compensation terms signed by customers. In this paper, two kinds of household electrical equipment, i.e., EVs and air conditioners, are chosen to establish DR models.
DR Modeling of EVs Based on Electricity Price
The charging loads of EVs depend on the user's habits, driving distance, status of the battery charge, the time when EVs plug in and out of distribution systems. Generally, EV owners use their cars during the day and charge them at night for the next day's trip. Real-time electricity price can reflect the relationship between power supply and demand, and therefore, real-time electricity price could be employed to guide users to adjust charging behavior of EVs. Given the development of communication technology, intelligent switch technology, and Internet of Things industry, the DR strategy for EV proposed in this paper can be realized in the near future.
Optimization Objective
When EVs plug into the grid, the owners are required to set the time of departure and the expected state of charge (SOC). The DR strategy is presented to minimize the charging cost of the owners by optimizing the charging power of EVs at each time interval according to the real-time electricity price. It should be mentioned that the owners are willing to participate in the DR because the cost of EV charging can be reduced while the owners' demands for the next day's travel are met. For a single EV, the objective function is defined as follows:
The objective Function (1) is devoted to minimize the charging cost of a single EV. P EV t and C t represent the charging power of EV and time-of-use electricity price at time t, ∆t is the length of one time interval, and T is the number of time intervals within the scheduling time.
Constraints (1) SOC constraint
Considering the charging efficiency of the battery in an EV, the recursive formula of the SOC can be described as:
where Soc t+1 and Soc t denote the SOC of the battery at time t + 1 and t, respectively; ε ch represents the charging efficiency of the battery; E B is the energy capacity of battery, and the unit is kW·h; Soc max and Soc min represent the upper and lower limit of SOC, respectively.
(2) Travel demand constraint
The SOC of the battery in an EV when it plugs out of the grid should be restricted to meet the owner's demand for travel.
where Soc td and Soc exp respectively represent the actual and expected SOC of the battery at t d ; t d denotes the time when EV plugs out, which is with strong uncertainty and can be approximately estimated according to the historical data of EVs.
(3) Battery safety constraint SOC of the battery and the charging power in the charging process are described as:
where P max EV represents the maximum of charging power of EV.
(4) Undispatched time constraint
where t s represents the time when an EV plugs into the grid.
DR Modeling of Air Conditioners Based on Incentive
Air conditioning is chosen as the temperature-controlled load to participate in DR due to the widespread utilization of air conditioning and the large proportion of air conditioning loads in summer peak loads. Air conditioning could satisfy users' demands for temperature through cooling or heating equipment. The acceptable temperature range for a human body is relatively wide. Therefore, air conditioning can be regarded as a DR resource with great potential and flexibility.
Optimization Objective
The air conditioning load could be adjusted within the time period declared by consumers to smooth the load curve and realize peak load shifting. The air conditioning loads are controlled by adjusting the setting of the temperature. The scheduling model of air conditioning loads can be formulated as follows.
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The objective Function (7) aims to minimize the load variance, where P D t represents the base load of time t; ∆P air k,t denotes the load reduction of the k th air conditioner in time t; P D is the mean value of the total load in the dispatching period; N represents the total number of air conditioners; T is the number of time intervals within the scheduling time; x k,t is the binary decision variable indicating whether the k th air conditioner participates in load reduction at time t; x k,t is equal to 1 if the air conditioner k participates in scheduling at time t, and 0 otherwise.
Constraints
(1) Electrical constraints of air conditioners
The energy efficiency ratio of air conditioners can be defined as the ratio of power and capacity of refrigerating. It should be noted that the energy efficiency ratio of inverter air conditioning cannot be simply modeled as a constant. The mathematical relationship among power, refrigerating capacity, and frequency in actual operation can be formulated as follows:
Equation (9) describes the relationship between the power and frequency of air conditioners, where P A and f A represent the operating power and frequency of air conditioners, respectively. a and b are constants. Equation (10) denotes the relationship between refrigerating capacity and frequency of air conditioners, where Q A represents the refrigerating capacity of air conditioners. m, n, and q are coefficients.
(2) Thermodynamic model of air conditioners
The indoor temperature is generally chosen as the control variable, which is affected by many factors, such as the indoor and outdoor heat exchange, outdoor temperature, the heat transfer between the air conditioner and the indoor air, the air heat capacity, and the air conditioning refrigerating capacity. It should be mentioned that there are many other affecting factors; therefore, precisely modeling air conditioning thermodynamic characteristics can be quite complex. The thermodynamic model of air conditioning can be approximately described as follows:
where θ in,t+1 and θ in,t represent the indoor temperature at time t + 1 and t, respectively; θ out,t+1 denotes the outdoor temperature at time t + 1; Q t is the air conditioning refrigerating capacity at time t; R and C are the equivalent heat resistance and heat capacity of air conditioning, with the units of • C/kW kW h/ • C, respectively.
(3) Inverter air conditioning operating frequency constraint
The frequency of the inverter air conditioning can be adjusted by the compressor, and the operating frequency should meet the following constraint:
where f k represents the operating frequency of the k th air conditioner; f max,k and f min,k denote the maximum and minimum operating frequency of the k th air conditioner, respectively.
(4) Maximum dispatchable time constraints
The maximum dispatchable number of air conditioners in the scheduling period should be restricted in order to meet the users' comfort requirements. 
where t c,k is the maximum dispatchable number of the k th air conditioner.
Control Method
The control methods of inverter air conditioning [30] can be divided into temperature control and frequency control. The changing curve of indoor temperature and frequency under the two control methods is shown in Figure 1 . In the temperature control mode, it can be found that the frequency rapidly decreases to the lowest value if the set temperature of the inverter air conditioner raises. As the room temperature gradually increases, the frequency rises with fluctuations and tends to be stable. For the frequency control mode, the frequency is also rapidly reduced to the lowest value when the set temperature raises. The frequency continues to run at the lowest value until the temperature rises to the set temperature, and meanwhile, the frequency rises to a stable value. It can be found from Figure 1 that the temperature control method is simple but it is difficult to obtain an analytical solution of frequency deviation and control period, and therefore, the frequency control method is employed to control air conditioning loads; namely, when the user sets the comfort temperature range, i.e., from θ 1 to θ 2 , the air conditioning would operate with the lowest frequency at the first time, and then the air conditioning frequency would be adjusted to stable value for θ 2. It is assumed that the indoor temperature at time t + 1 is equal to the indoor temperature at time t in stable operation. When the air conditioning runs stably, its operation power can be calculated by Equations (9)-(11). It is assumed that the indoor temperature at time t + 1 is equal to the indoor temperature at time t in stable operation. When the air conditioning runs stably, its operation power can be calculated by Equations (9)- (11) .
Therefore, load reduction of air conditioning can be described as:
where P air k,t denotes the power demand of the k th air conditioner in stable operation at time t.
Reliability Evaluation of Distribution Networks Considering DR

Model of Load Transfer Capacity
When a failure occurs, non-fault areas can be supplied through tie lines after fault areas are isolated. Considering the maximum transmission capacity limit of the tie line, the transfer capacity of the tie line l can be calculated as follows [31] :
where P lz represents the power supplied by the tie line; P l is the load of a line itself; P lmax is the maximum transmission power of the line l; β l is the line loss ratio of the line l.
If the tie line has already supplied heavy loads, the transfer power will not be enough to meet the power supply of all the loads in the downstream area of the fault. In this situation, the load shedding strategy described in Section 3.2 should be applied in order to meet the power supply requirements of important loads in the downstream area of the fault.
Load Shedding Strategy
The over-load operation of the feeder may occur during in the peak load period if the maximum transmission capacity limit of the feeder in the distribution network is taken into consideration. It is necessary to reduce the load amount of the feeder by cutting parts of the loads to ensure the secure and stable operation of the distribution networks. Therefore, the load shedding model is proposed and shown in Equations (17) and (18): max
The objective Function (17) should be maximized so as to supply as much load as possible, while taking the weight of the load points into consideration. ω i is the importance coefficient of load point i for reliability requirement; S represents the collection set of all load points on the feeder; P i (t) is the power demand of load point i at time t. Equation (18) describes the power supply capacity constraint and node voltage constraint, where P Smax represents the upper limit of the power transmitted by the feeder and U i , U i,max , and U i,min are the voltage of node i and its maximum and minimum values, respectively.
Analysis of the Influence of DR on Distribution Network Reliability
The key of reliability evaluation is the selection and calculation of reliability index. In order to systematically study the influence of load changes caused by DR on the reliability of the distribution network, the reliability index influenced by load changes need to be firstly analyzed.
Load Point Reliability Index
(1) Load point average failure frequency index The load point average failure frequency index is defined as the number of outages at load points in the statistical period. Long time overload operation of transformers will accelerate its aging, and then affect the average failure rate of the load point. DR can improve the load curve and reduce peak loads, thus reducing the failure frequency of load points.
(2) Load point average interruption frequency index When the distribution transformer fails or the power supply is insufficient, load interruption occurs. The average interruption frequency index of load point i can be defined as:
where P outage,i denotes the outage probability of load point i; X(I, t) is a binary decision variable for operation state of load point i at time t, which is equal to 1 in normally operating state, and 0 otherwise.
System Reliability Index
Three system reliability indexes are introduced in this paper as follows:
(1) Frequency index Frequency index mainly refers to system average interruption frequency index (SAIFI).
(2) Time index Time indexes mainly include customer average interruption duration index (CAIDI) and system average interruption duration index (SAIDI).
(3) Energy index
Energy not supplied (ENS) index mainly depends on the annual power outage time and load power of the system.
Improved Reliability Evaluation Method Based on Load Clustering
Improved Reliability Evaluation Method
According to the location of faults and their influence on other loads, the loads can be categorized into four types: (1) Type A: The loads in the fault area and their outage time depend on the time of fault isolation and repair; (2) Type B: The loads in the downstream of the fault area and their outage time depend on the load transfer time; (3) Type C: The loads in the upstream of the fault area, which can be supplied by the main transformer after fault isolation, and their outage time depend on the fault isolation time. It should be mentioned that if the supply capacity of the tie line is insufficient, the reliability indexes of Type B loads can be modified by applying the transferring capacity model and load shedding model described in Sections 3.1 and 3.2, and then the reliability index with and without DR implementation can be calculated, respectively.
The sequential Monte Carlo simulation method is applied to evaluate the reliability of distribution networks, and there are two situations that should be considered:
(1) When power supply capacity is insufficient in normal operation state, the load shedding strategy in Section 3.2 should be applied to supply power as much as possible with the feeder maximum capacity constraint respected. Calculate the system reliability indexes with and without DR, respectively. (2) When a failure occurs in the distribution network, parts of the loads of Type B cannot get power supply due to restricted transfer capacity if the maximum capacity limit of feeders are considered.
Reliability Calculation Method of Distribution Networks Considering Load Clustering
The annual load peak is generally utilized to calculate the horizontal annual system reliability index in the traditional evaluation method. This method reflects the system reliability under the most severe situations, but ignores the impact of the load change on the system reliability. Calculating the reliability index only by the load peak value will greatly reduce the accuracy of evaluation results, since the annual load curve is composed of 8760 load points. However, the reliability calculation will be very time-consuming if each load point is substituted into the reliability evaluation. Therefore, it is necessary to cluster the annual load, then the reliability index can be calculated by employing the reliability calculation method in Section 5.1 based on the clustering results. The final system reliability index can be obtained according to the calculation results and weighted values of each cluster. In this way, the computational burden can be reduced under the premise of satisfying the accuracy.
Case Study
Case 1
A smart residential community in Suzhou is employed to illustrate the effectiveness of the proposed models. Residents' electricity consumption data at different time periods are collected by smart meters, and the residents' electricity consumption behavior is analyzed by the non-intrusive load monitoring, which could obtain the operation condition and loads of different types of electrical equipment by feature extraction and power decomposition technology.
Residential Electricity Load Analysis
The electricity consumption of a user in the smart community from 5-11 August in 2019 is shown in Figure 2 , and the electricity consumption of each household equipment is depicted in Figure 3 . It can be seen from Figure 2 that the electricity consumption of this user remained basically stable in a week, and the electricity consumption at the weekend increased compared to the working day. The maximum daily electricity consumption reached 23.44 kW h, since the residential community is mainly composed of villas. It can be concluded from Figure 3 that the electricity consumption of air conditioning accounts for up to 47% of the total electricity consumption, indicating that the air conditioning load has great potential for DR. Besides, there is little EV in this community, so only air conditioning is considered in this part.
Analysis on DR of Residential Load
In order to further analyze the DR potential of air conditioning load, the air conditioning load of 40 users in this smart community is selected for analysis. The air conditioning load curve can be roughly categorized into three classes, as depicted in Figure 4 , and its daily load rate is shown in Table 1 . Combined with Figure 4 and Table 1 , it can be found that the air conditioning load characteristics of the three types of users are different from each other. The load curve of class A users have two peaks and two valleys, the peak of electricity consumption occurs at 14:00 and 22:00, and the daily load rate is relatively low, and therefore they have a great potential for DR. The power consumption of air conditioner of class B load in one day is almost zero, which has no potential of load control. Class C users are similar to class A, both of which show two peaks and two valleys, but the load rate of former one is relatively high, and they have a certain staggered peak response capability. mainly composed of villas. It can be concluded from Figure 3 that the electricity consumption of air conditioning accounts for up to 47% of the total electricity consumption, indicating that the air conditioning load has great potential for DR. Besides, there is little EV in this community, so only air conditioning is considered in this part. 
In order to further analyze the DR potential of air conditioning load, the air conditioning load of 40 users in this smart community is selected for analysis. The air conditioning load curve can be roughly categorized into three classes, as depicted in Figure 4 , and its daily load rate is shown in Table 1 . Combined with Figure 4 and Table 1 , it can be found that the air conditioning load characteristics of the three types of users are different from each other. The load curve of class A users have two peaks and two valleys, the peak of electricity consumption occurs at 14:00 and 22:00, and the daily load rate is relatively low, and therefore they have a great potential for DR. The power consumption of air conditioner of class B load in one day is almost zero, which has no potential of load control. Class C users are similar to class A, both of which show two peaks and two valleys, but the load rate of former one is relatively high, and they have a certain staggered peak response capability. 
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Figure 5. Comparison of load profile between base loads and loads with demand response (DR)
taken into account.
Case 2
Simulation Settings
A modified RBTS-BUS 6 system is employed as the test system, in which the maximum power provided by the feeder F4 is 12 MW, and the transfer capacity of the tie line is 6 MW. As shown in Figure 6 , the network frame includes 30 lines, 23 load points, 4 circuit breakers, and 21 load switches. The feeder length and load point data can be found in [32] . The circuit breakers, load switches, and fuses are assumed to be 100% reliable. The fault isolation time is 0.5 h, and the sum of fault isolation and load transfer time is 1 h. According to the current design requirements of distribution network capacity in residential areas, the capacity of each household is 8 kW, and the simultaneous factor is set at 0.5. The maximum power provided by the feeder F4 is 12 MW; therefore, there are about 3000 households in this area. The average EV inventory per household is set to 0.1, and all participate in DR. The air conditioning inventory per household is set to 2 and the proportion of air conditioning participating in DR is 0.2 considering the user's demand for comfort. The charging power and battery capacity of EVs is 5 kW and 40 kW·h, respectively. The energy consumption of EVs for traveling 100 km is 18 kW·h, and the battery charging efficiency is set to 0.9. It is assumed that the access time, departure time, and SOC of EVs are normally distributed, and could be obtained by employing Monte Carlo sampling. The highest and lowest running frequency of inverter air conditioning is 100 Hz and 20 Hz, respectively. R and C are specified as 5.56 °C/kW and 0.18 (kW h)/°C, respectively. The air conditioning power coefficient and the refrigerating capacity coefficient can be found in [33] . It is assumed that air conditioning cools in summer and heats in winter, and the comfort air conditioning interval is set to [22 °C, 28 °C] . The daily maximum dispatchable number is limited to 2 during the peak load period. The load data is shown in Appendix A, Table A1 , and it is assumed that the load at each load point varies proportionally with the implementation of DR. The real-time electricity price curve is displayed in Appendix A, Figure A1 . AMPL/CPLEX, an efficient commercial solver, is adopted to solve the proposed DR model, then the daily load curve considering DR of household equipment is obtained. Subsequently, the annual load curve considering DR could be determined according to the annual-weekly load curve and the weekly-daily load curve. Afterwards, 6.2. Case 2
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Load Profile Considering DR
The daily load curve with and without EVs participating in DR is shown in Figure 7 . It can be found that EV owners transfer the charging loads from the period of high electricity price to the period of low electricity price under the guidance of real-time electricity price, achieving peak load shaving and valley filling. The daily load curve with and without the air conditioning participating in DR is depicted in Figure 8 . It can be found that the peak load is reduced and the load curve can be smoothed through the frequency reduction of air conditioning in the peak load period.
The daily load curve considering DR of EVs based on electricity price and air conditioning based on incentives is shown in Figure 9 . It can be found that the load considering DR decreases during the peak period, and increases during the valley period compared to the base load, thus achieving peak load shaving and valley filling. Besides, the daily load peak without DR appears at 22:15, and the peak load is 12.27 MW. Considering the limitation of feeder capacity, part of the loads should be cut off. The daily load peak with DR appears at 22:30, and the maximum load is 11.57 MW, which satisfies the supply capacity constraints of feeders.
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Influence of Real-Time Electricity Price on DR
The real-time electricity price, which has a certain randomness, is formulated according to the day-ahead load prediction, and plays the role of guiding electricity consumption. Considering the load uncertainty, a certain deviation between the actual electricity load and the predicted load may occur. Given this situation, applying the real-time electricity price shown in Appendix A, Figure A2 , the daily load curve with and without EVs participating in the DR is shown in Figure 10 . It can be found that the daily load peak appears at 21:00, because the real-time electricity in this period is relatively lower than others. Also, the daily load curve during the period of 17:00 to 18:45 is reduced, which is not the actual peak period needing to be clipped. Therefore, DR based on electricity price 
The real-time electricity price, which has a certain randomness, is formulated according to the day-ahead load prediction, and plays the role of guiding electricity consumption. Considering the load uncertainty, a certain deviation between the actual electricity load and the predicted load may occur. Given this situation, applying the real-time electricity price shown in Appendix A, Figure A2 , the daily load curve with and without EVs participating in the DR is shown in Figure 10 . It can be found that the daily load peak appears at 21:00, because the real-time electricity in this period is relatively lower than others. Also, the daily load curve during the period of 17:00 to 18:45 is reduced, which is not the actual peak period needing to be clipped. Therefore, DR based on electricity price has a certain randomness and is greatly affected by real-time electricity price. Unreasonable real-time electricity price may lead to "peak-on-peak" or unnecessary load reduction.
The real-time electricity price, which has a certain randomness, is formulated according to the day-ahead load prediction, and plays the role of guiding electricity consumption. Considering the load uncertainty, a certain deviation between the actual electricity load and the predicted load may occur. Given this situation, applying the real-time electricity price shown in Appendix A, Figure A2 , the daily load curve with and without EVs participating in the DR is shown in Figure 10 . It can be found that the daily load peak appears at 21:00, because the real-time electricity in this period is relatively lower than others. Also, the daily load curve during the period of 17:00 to 18:45 is reduced, which is not the actual peak period needing to be clipped. Therefore, DR based on electricity price has a certain randomness and is greatly affected by real-time electricity price. Unreasonable real-time electricity price may lead to "peak-on-peak" or unnecessary load reduction. Figure 10 . Comparison of load profile between base loads and loads with EVs taken into account.
Reliability Evaluation Considering DR
In this paper, four cases are conducted to evaluate the reliability of the distribution network considering DR. The annual load curve is composed of 8760 load points, which can be divided into 712 clusters, for there are 712 different points. The final system reliability evaluation indexes can be determined with the calculation results and weighted values of each cluster. 
In this paper, four cases are conducted to evaluate the reliability of the distribution network considering DR. The annual load curve is composed of 8760 load points, which can be divided into 712 clusters, for there are 712 different points. The final system reliability evaluation indexes can be determined with the calculation results and weighted values of each cluster.
Case 1: DR is not taken into consideration. Case 2: DR based on electricity price and incentive is considered. Case 3: Case 1 with sufficient spare capacity of tie lines. Case 4: Case 2 with sufficient spare capacity of tie lines. The reliability index of the four cases is shown in Table 2 . Table 2 . System reliability index (SAIFI, system average interruption frequency index; SAIDI, system average interruption duration index; CAIDI, customer average interruption duration index; ENS, energy not supplied). By comparing the reliability indexes of cases 1 and 2, it can be concluded that DR can effectively improve the system reliability indexes. With DR, the peak load decreases 5.7%, the indexes of SAIDI, CAIDI, and ENS decrease 7.4%, 5.5%, and 12.7%, respectively. The main reason is that DR based on electricity price can transfer the loads from peak period to valley period to reduce the peak load of the system, and DR based on incentive can directly reduce part of the loads at the peak period, thus reducing the probability of power supply shortage of the distribution system. On the other hand, if a fault occurs during the peak period, the reduced loads considering DR can increase the transfer probability of the loads after fault isolation, thus reducing the average interruption frequency and interruption duration at the load point. Therefore the SAIFI, SAIDI, and ENS indexes are improved. By comparing cases 3 and 4, it can be found that when the capacity of the tie line is infinite, DR has no impact on the SAIFI and SAIDI indexes, and only the ENS index is improved due to the reduced peak load.
Case SAIFI/(times/a) SAIDI/(h/a) CAIDI/(h/times) ENS/(MW h/a)
Conclusions
In this paper, two kinds of typical household electrical equipment are considered to participate in DR. DR models based on electricity price and incentive are proposed to obtain load curves with different DR mechanisms taken into account. Considering the transmission capacity limit of tie lines, a reliability evaluation method is proposed considering power supply capacity shortage. The following conclusions can be drawn from the simulation results:
(1) DR can improve the load curve and reduce the peak loads. DR based on electricity price has a certain randomness and is greatly affected by real-time electricity price. Unreasonable real-time electricity price may lead to "peak-on-peak" or unnecessary load reduction. (2) Both DR based on electricity price and DR based on incentive can improve the reliability index of distribution networks. Compared with the reliability results attained by employing a single DR strategy, comprehensive DRs can improve reliability (3) DR has no influence on the distribution network reliability index if transmission capacity of tie lines is assumed to be infinite. Under the premise of considering the tie line capacity limit, DR reduces the peak loads of the systems and decreases the probability of insufficient power supply capacity in normal operation, and meanwhile increases the possibility of the load point being transferred when a failure occurs.
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Appendix A
